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ABSTRACT 

This paper reviews work in progress towards bridging between the 

field of linguistics and its operationalizations of discourse and that 

of frameworks for studying collaborative learning that are rooted 

directly in the learning sciences.  We begin with the vision of a 

multi-dimensional coding and counting analysis approach that 

might serve as a boundary object between the variety of 

methodological approaches to analysis of collaborative learning 

that exist within the Learning Sciences.  We outline what we have 

discovered from a combination of hand coding, comparison with 

alternative analytic approaches including network analytic and 

qualitative approaches, correlational analyses in connection with 

learning-relevant extralinguistic variables, and computational 

modeling.  We explore both the contribution of work to date as 

well as the many remaining challenges. 
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1. INTRODUCTION 
Language behavior is incredibly rich, whether it is generated by 

an isolated individual or an individual within a group.  When used 

within a protocol analysis methodology, it can be a window into 

the inner workings of one’s mind (Van Someren et al., 1994).  

When situated within a sense making task, it can provide the 

opportunity for an individual to externalize that process so it can 

be inspected (Chi, 1997).  Within a social setting, it provides a 

currency for social exchange as well as visible evidence of 

otherwise intangible social values and the processes through 

which they are exchanged (Bourdieu, 1991).  In this paper, we are 

concerned with the latter situation, where language is the visible 

multi-dimensional manifestation of interaction between 

individuals, with relational, motivational, and cognitive aspects.   

Just as within a rigorous protocol analysis methodology used to 

elucidate otherwise invisible cognitive processes of individuals 

performing problem solving tasks, it will be essential to articulate 

the equivalent of both a coding scheme and a verbalization theory 

(Van Someren et al., 1994).  The coding scheme will 

operationalize linguistic behaviors that are reflections of the 

processes of interest.  This is the substance of the lens we are 

constructing.  What the verbalization theory contributes is an 

understanding of the properties of the lens we are using to study 

the cognitive, motivational, and relational aspects of interaction, 

both in terms of what it is able to make clear, and also what it 

might obscure.  In that way, we will be in a better position to 

properly interpret the patterns that we find and don’t find.  In this 

paper we discuss lessons learned from efforts to study group 

learning through a lens constructed from language constructs that 

can be applied automatically.  Our goal is to integrate the insights 

gained from this experience into the first step towards a rich 

coding scheme paired with a verbalization theory for analysis of 

large scale social interaction in online learning settings. 

With powerful modeling frameworks and massive datasets, the 

enduring challenge remains to separate meaningful patterns from 

meaningless ones.  The key to unlocking the secrets that hide 

beneath the complexity of real world data, including large scale 

discussion data, is to uncover the causal structure that may be 

represented through careful operationalization of the explanatory 

variables that represent the true causes of the surface level 

observed variables.  Discussion data is incredibly rich.  It is 

sometimes called unstructured, although in fact it is structured.  

However, its multifaceted structure is not obvious from its surface 

appearance, much like gesture or music.  The challenge is to 

construct lenses, each with an appropriate filter that enables 

isolation of just the structure that is of interest for answering a 

specific question by uncovering that elusive deep structure.  With 

that, however, we must carefully consider what we have chosen to 

ignore in the process.  In so doing, we must consider carefully 

how our lens might obscure certain aspects of the truth in order to 

make other aspects clear. 

Within the Learning Sciences, a variety of theoretical frameworks 

have been developed for studying and explaining learning.  Much 

progress towards effective collaborative learning process analysis 

has already been accomplished (de Wever et al., 2006; 

Weinberger & Fischer, 2006; van der Pol et  al., 2006).  That 

work has sought to operationalize theoretical constructs from the 

Learning Sciences in terms of language patterns so these 

constructs can be studied in the midst of collaboration, using 

language behavior as a lens.  This work has been successful in 

bringing out valuable structure in order to answer questions that 

contribute new knowledge to the theoretical frameworks within 

which the coding schemes were developed.  One limitation, 

however, is that the findings are difficult to transfer to other 

theoretical frameworks, each with their own custom-made hand 
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crafted lenses.  The long term goal of our work is to overcome this 

limitation by synthesizing a deep structure that transcends these 

barriers, that might provide a boundary object that facilitates 

discussion across theoretical frameworks.  We do not claim to 

have achieved this lofty goal as yet.  Rather, in this paper we 

report our work in progress since first having introduced this 

vision in two earlier articles (Howley et al., 2013; Rosé et al., 

2013) that describe the SouFLé framework.  That framework was 

applied in a variety of studies (Howley et al., 2011; Howely et al., 

2012; Gweon et al., 2011a; Gweon et al., 2011b; Gweon et al., 

2012) as well as playing a role in a collaborative effort involving 

over forty researchers exploring five different data sets using a full 

spectrum of theoretical lenses and alternative methodologies 

(Suthers, Lund, Rosé, Teplovs, & Law, 2014).  In that context, 

SouFLé was applied to two different data sets alongside other 

analytic approaches.  We recount lessons learned from these 

experiences in this article. 

In the remainder of the paper we first review the SouFLé 

framework as a sort of microscope constructed for inspection of 

collaborative learning data.  We then evaluate what we have 

learned about the granularity of the insights provided by SouFLé 

by reviewing two investigations in which a SouFLé analysis was 

contrasted with approaches that are more abstract and less abstract 

than it.  In this way, we zoom in and out in order to observe what 

may be seen from the height at which we position our lens.  Next 

we review a detailed comparison between SouFLé and a similar 

three dimensional framework on the same data, which brings the 

specific constructs of SouFLé into sharper focus.  We then test the 

validity of the view provided by SouFLé by evaluating it in terms 

of the generality of its correlation with constructs such as self-

efficacy and trust in instructional and non-instructional settings.  

Finally, we contribute to our verbalization theory by exploring 

what investigations into automation of SouFLé have revealed 

about challenges in isolating cognitive, motivational, and 

relational aspects of language. We conclude with a discussion of 

key next steps.  

2. SOUFLÉ 
The key idea behind SouFLé is to draw insights from rich 

theoretical models from sociolinguistics and discourse analysis, 

and pare them down to precise operationalizations that capture the 

essence of the language behavior without sacrificing reliability.  

The theoretical contribution our work has been the 

reinterpretation of largely qualitative frameworks from a 

computational perspective, with a particular focus on frameworks 

characterizing interpersonal dynamics within the theory of 

Systemic Functional Linguistics (SFL).  In collaborative learning, 

the discussion is an important channel through which 

intersubjectivity is achieved (Suthers, 2006).  Where this 

intersubjectivity interacts with the cognitive processes of each 

participant, learning may occur.  The reflection of this connection 

is the heart of what we want to observe if cognitive restructuring 

is our goal.  But this connection does not occur within a vacuum.  

Rather, even within cognitivist theories of learning, it is 

acknowledged that the social relationship between the learner and 

the environmental stimuli create the propensity for cognitive 

restructuring that is an important precondition for learning (e.g., 

de Lisi & Golbeck, 1999). Thus, in order to achieve not only the 

end product of successful collaborative learning, but also the 

interactional work that creates a conducive socioemotional 

positioning within the interaction, we must view collaboration 

from not only a cognitive perspective, but also a relational and 

motivational one.  It is for capturing the non-cognitive aspects of 

the interaction that we lean most heavily upon the field of SFL. 

What distinguishes SFL from other theories in linguistics is its 

singular focus on the specification of systems of strategic 

linguistic choices encoded as signals situated within social 

contexts.  This stands in contrast to generative theories of 

linguistics where the focus is on identification of universal 

language principles, which are only meant to explain aspects of 

linguistic structure that arise from the parameters of human 

cognition.  It is unique as a linguistic theory that was developed 

by linguists working hand in hand with sociologists for the 

purpose of representing and explaining social processes at 

multiple levels, starting with the individual, and extending to 

pairs, small groups, communities, and even ecologies of 

communities acting and reacting to one another.   

Our development of SouFLé began with the computational 

reinterpretation of two specific constructs from SFL.  The first is 

Martin and Rose’s Negotiation framework (Martin & Rose, 

2003), which captures the ways in which participants in 

interactions involving the flow of knowledge and action position 

themselves either as sources or as recipients.  Martin & Rose’s 

Negotiation framework has a prior history in analysis of 

interaction in learning contexts beginning with work on classroom 

facilitation (Veel, 1999).  Our operationalization allows us to 

systematically identify meaningful threads within complex 

interactions (Mayfield et al., 2012a) and to assign a rating to each 

participant that we refer to as an Authoritativeness score for a 

participant (Mayfield et al., 2011; Howley et al., 2011).  This 

score refers to the percentage of threads in which the participant 

played the role of source. We consider this social positioning as 

related to a participant’s collaborative self-efficacy.  We initially 

expected conversational participants who believe they have 

something of value to contribute to position themselves as active 

contributors.  We will challenge this assumption below.   

The second dimension is Martin & White’s Engagement 

framework (Martin & White, 2005), in which assertions are 

positioned in relation to projected speaker and audience 

perspectives, as well as those of third parties.  We consider this 

dimension to be relational in that it communicates the openness to 

alternative perspectives that a speaker’s contribution is framed 

with. Martin & White’s expansive Engagement framework 

(Martin and White, 2005) is based in qualitative work from the 

field of rhetoric, where clues about projected attitudes about 

speaker perspective, hearer perspective, and the relationship 

between the two are analyzed in terms of signals included in the 

framing of assertions.  While the assumed significance of the 

framing within their work was related to the idea of projecting 

expectations about horizontal social positioning, the effects of the 

associated signals were never tested empirically.   

A third construct included in SouFLé, but which does not have its 

roots in SFL, is Transactivity (Berkowitz & Gibbs, 1987), which 

is a form of collaborative knowledge integration widely regarded 

as valuable across alternative theories of collaborative learning.  

The Souflé operationalization of Transactivity, which has been 

applied in multiple collaborative problem solving and 

collaborative design settings, breaks the construct down into two 

simpler constructs, one that specifies whether a contribution to a 

conversation makes reasoning explicit through the use of some 

indicator of causality, and another that indicates whether that 

reasoning relates back to an earlier articulation of reasoning or 



begins a new direction of ideation within an interaction (Gweon et 

al., 2011a; Gweon et al., 2011b; Gweon et al., 2012).   

This third construct gets at the heart of what we want to see in 

collaborative learning encounters from a cognitive perspective.  

We will see below that it also has social underpinnings.  

Furthermore, we will see that the other two dimensions play a 

supporting role, bringing the speakers into a proper orientation to 

one another to encourage the flow of transactive knowledge 

exchange.  For example, empirical work using our 

operationalization of Engagement confirms the effect of signals 

hypothesized from within the theory about communicating an 

attitude of openness.  In correlational analyses of collaborative 

learning groups, we find that students contribute significantly 

more reasoning oriented contributions in groups where partners 

adopt a style indicating openness to alternative perspectives 

(Howley et al., 2013b).  In an experimental study we find that 

student groups contribute significantly more design ideas in a 

collaborative power plant design task when a supportive 

conversational agent presents directions in that style rather than a 

style that does not project openness (Kumar et al., 2011).   

Each of the three dimensions of SouFLé is designed to get at a 

separate dimension of collaborative learning, however, as we 

discuss below, our finding is that these threads are not so easily 

disentangled.  

3. SouFLé IN MULTIVOCAL ANALYSES 
The first step when working with a new microscope is to adjust 

the height of the lens above the specimen of interest.  An ideal 

environment in which to engage in such an effort is in the midst of 

a multivocal analysis where researchers who are steeped in 

alternative methodologies each analyze the same dataset using 

their own approach, and then challenge one another’s assumptions 

and interpretations.  We have had the valuable opportunity to see 

what SouFLé is able to elucidate in comparison with two 

alternative approaches, one much higher level (a social network 

analysis) and one much more detailed (a qualitative analysis) on 

two different data sets as part of a large scale investigation into 

multivocality as a new approach for analysis of collaborative 

learning (Suthers, Lund, Rosé, Teplovs, & Law, 2014).  In 

connection with one of these data sets, we also had the 

opportunity to contrast SouFLé with an alternative three 

dimensional analysis scheme. 

In the first of the two data sets (Rosé, 2013a; Hmelo-Silver, 

2013), four different analytic teams analyzed data from a study 

where 9th grade biology students worked on a virtual lab related to 

diffusion (Dyke et al., 2013).  In this set of analyses, both one of 

the qualitative analyses (Stahl, 2013) and the network analytic 

approach (Goggins & Dyke, 2013) adopted a network like 

representation.  Another qualitative analysis (Cress & Kimmerle, 

2013) took a purely descriptive approach.  The issue of social 

positioning was the focus of the SouFLé (Howley et al., 2013b) 

analysis as well as one qualitative analysis (Stahl, 2013), and the 

network approach (Goggins & Dyke, 2013).  The main contrast 

was in terms of the focus of inquiry.  Both the qualitative and 

network analytic analyses focused on the relative level of 

dominance of the participants within groups.  At their alternative 

ends of a spectrum of zooming out and zooming in, the high level 

network analytic approach was able to provide a summative view 

of the interactions, where it was clear in the end which participant 

within each group had communicated the most.  At the other end 

of the spectrum, the qualitative approach was able to provide 

snapshots of behavior where domineering or dominating behavior 

was vividly illustrated.  Interestingly, the coding and counting 

approach of the SouFLé analysis was able to represent the pattern 

of behavior over time.  Its multidimensional representation was 

able to show how different aspects of behavior interacted over 

time, which set the behaviors identified as domineering in the 

other analyses into a different context.  This process analysis 

eventually pinpointed aspects of the intervention that triggered a 

ripple effect of negativity within groups that was different from 

the behavior either of the other analyses brought out as potentially 

problematic.  Thus, it would seem to provide something of a 

sweet spot for challenging assumptions and interpretations. 

In the second of the two data sets (Rosé, 2013b; Rosé, 2013c), 

groups of undergraduates worked together on chemistry problems 

(Sawyer, Frey, & Brown, 2013a).  In this data set, the SouFLé 

analysis (Howley et al., 2013c) was contrasted both with an 

alternative three dimensional coding and counting approach in 

addition to being compared with a network analytic approach 

(Oshima, Matsuzawa, Oshima, Nihara, 2013) and a qualitative 

approach (Sawyer, Frey, & Brown, 2013b).  In this case, again, 

both the network analytic approach and the qualitative approach 

focused on similar issues, namely the contrast between a team 

thought to take a more conceptual approach and another team that 

took what appeared to be a more procedural approach.  All 

analyses touched upon the issue of leadership within teams.   

Similar to the experience with the first dataset, the coding and 

counting approaches challenged the interpretation of both the 

more abstract and less abstract approaches.  In particular, the 

formalization of contributions to the conversation at the cognitive 

level offered the opportunity to ask what it meant for the two 

groups to approach the content conceptually versus procedurally.  

The end result was a perspective that revealed both groups 

engaging in a mixture of both of these foci, and in some ways the 

biggest difference was in the way they approached these two foci 

rather than an actual difference in emphasis.  Similarly, the two 

coding and counting approaches were able to pinpoint different 

aspects of leadership within teams that might be relative strengths 

and weaknesses of different students within groups. As in the 

earlier set of analyses, the unique contribution of the coding and 

counting approaches was the extent to which they enabled 

viewing the nature of the collaborative process as it unfolded over 

time.  The network approach was very adept at providing a 

summative view of contribution at various points in time.  The 

qualitative approach was able to provide a blow by blow story 

describing the contrasting groups and punctuating the story with 

vivid images from raw data snippets.  The coding and counting 

approaches were able to illustrate the complexity of the construct 

of leadership and contribution within collaborative groups. 

A contrasting impression came from comparing across approaches 

when pinpointing pivotal moments in the collaboration.  In the 

network analysis, a moment was called out as pivotal because a 

change took place in the shape of the evolving network after that 

time.  In the coding and counting approaches, pivotal moments 

were called out because something in the form or content of a 

contribution itself was striking based on the formal definitions of 

the codes.  In the qualitative analysis moments were called out as 

pivotal if they struck the analyst as pivotal apart from any pre-

conceived definitions.  From this standpoint, we are challenged to 

think about ways in which all of these approaches might be 

wielded more flexibly to either provide a summative or process 

oriented perspective. 



An especially interesting contrast came out in the comparison 

between the two coding and counting approaches, one being the 

SouFLé framework and the other a three dimensional framework 

by Strijbos (Rosé, 2013c). Here we see some evidence of the 

value of a linguistic approach in making fine grained distinctions 

in terms of the social significance of language choices.  In 

particular, when comparing the relational dimensions of the two 

coding schemes, we see value in the linguistic formulation of 

Engagement where we are able to represent more of the subtlety 

in how openness or closedness is communicated in language. In 

particular, we saw the subtleties behind the idea of dominance and 

the different ways that positive versus negative may be viewed.  In 

the SouFLé framework, contributions are characterized as 

expanding or contracting the set of ideas that remain up for 

consideration.  In the Strijbos framework (Strijbos, 2011), 

contributions are characterized as either enacting a positive or 

negative polarity.  In our comparison we saw that there is a many-

to-many correspondence between these distinctions.   

Within both frameworks, one is viewed as more imposing 

(contracting, negative) and the other less imposition (expanding, 

positive).  Because of the many-to-many correspondence, it is 

possible (and indeed happens!) that a participant may be rated as 

more dominant than another student in one coding scheme and the 

reverse in the other.  The SouFLé framework characterizes the 

way a negative phrasing can be used to remove a hindrance to 

consideration of an idea.  Thus, a negative phrasing does not 

necessarily communicate lack of openness towards group 

members, although it necessarily shows a lack of openness 

towards something.  However, in terms of the relationship 

between speakers, it is not necessarily imposing.  The subtlety 

with which SFL approaches the many layers of language choices 

that are encoded in each framing of an assertion within interaction 

proves its value here where we value the ability to monitor the 

effect of the framing of contributions on the social positioning of 

speakers with respect to one another in a discussion.  

Overall what we conclude is that SouFLé is most valuable in 

terms of visualizing a process over time, especially in terms of 

teasing out specific details of linguistic choices and their 

implications on the tenor of an interaction, as well as illustrating 

the interplay between cognitive, relational, and motivational 

dimensions of collaboration.  It may be less adept than a network 

analytic approach at providing a bird’s eye view of the summative 

effects of behaviors that occur over time or of providing a detailed 

snap shot of specific behaviors that might stand out as striking to 

a human analyst. 

4. EXTERNAL VALIDATION 
Beyond simply using SouFLé  to view collaboration as it plays 

out over time, we are interested in what it might tell us about the 

intangible features of collaboration that we more typically attempt 

to measure using questionnaires. 

As expected from prior work, our operationalization of 

Transactivity has external validity in connection with learning.  

Our work on analysis of Transactivity in connection with learning 

is consistent with prior work (Joshi & Rosé, 2007; Teasly, 1997).  

Beyond its usual role as a mediating variable related to socio-

cognitive conflict and learning, in a lab study representing an 

assembly line task we have confirmed that it is also associated 

with effective knowledge sharing when newcomers join a new 

working group (Gweon et al., 2011). 

On the other hand, not all of our efforts at external validation have 

been so simple and straightforward.  One of our long time such 

efforts has been using our Negotiation coding as a way of 

estimating self-efficacy (Howley et al., 2011).  We have already 

described how we are able to use our Negotiation coding to assign 

an Authoritativeness measure to students by counting the number 

of flows of information or action within an interaction in which 

they are positioned as the sources.  This enables us to reduce the 

turn by turn coding into a scale.  In reducing the pattern of codes 

to a scale, we are then able to examine the extent to which this 

positioning on the vertical social dimension correlates with extra-

linguistic variables.  We initially expected to see positive 

correlations between Authoritativeness and extra-linguistic 

variables that are associated with a value placed on capability in 

connection with the specific knowledge and action associated 

with the threads used in the computation. However, application of 

the same coding scheme to data in strikingly different contexts 

challenges an overly simplistic interpretation of the significance 

of the Authoritativeness rating.   

For example, Authoritativeness correlates both with domain 

related academic self-efficacy and learning in collaborative 

problem solving settings (Howley et al., 2011; Howley et al., 

2012), which makes sense since the ability to provide knowledge 

and act in task relevant ways is what is academic self-efficacy 

measures in these contexts, and the tasks are designed in such a 

way that meaningful task engagement is meant to produce 

learning.  What is even more interesting is that it also sheds light 

on the interplay between social and cognitive factors in learning, 

and points to opportunities for impacting engagement in important 

learning behaviors by addressing social problems such as bullying 

(Cui et al., 2008; Howley et al., 2012).  In this work, we saw that 

students respond to aggressive behavior by reducing their level of 

authoritativeness in an interaction, which at the extreme end of the 

spectrum resulted in a reduction of learning relevant responses to 

impasses in problem solving, and ultimately a reduction in 

learning.  While it would be possible to explain this reduction in 

learning through a purely cognitive explanation, exploring the 

situation more broadly in terms of both social and cognitive 

factors, we see the reduction in learning relevant behaviors from a 

cognitive perspective had a social cause.  In this context, 

authoritiativeness is a reflection of a student’s estimation of their 

ability to contribute to the joint problem solving.  In the absence 

of such confidence, a student would reasonably abdicate to the 

other student deemed more capable.  While in this study we did 

not measure self-efficacy formally, we would not have been 

surprised if we had seen such a correlation.  In a different study 

we did see such a relationaship (Howley et al., 2011; Howley et 

al., 2012). 

It is consistent with this interpretation to expect different 

correlations in contexts where the expectations associated with 

task roles are different, such as in doctor-patient interactions 

where the doctor is expected to have special knowledge not 

possessed by the patient.  As an evaluation of the predictive 

validity of our Authoritativeness metric in a health context, in the 

past year we have applied the Authoritativeness metric to analysis 

of doctor-patient communication (Mayfield et al., 2013).  We 

measured the predictive validity of this metric in connection with 

validated measures related to trust in doctor-patient 

communication.  In particular, we tested 5 specific trust related 

constructs selected by colleagues at Brown university who 

specialize in trust in doctor-patient communication.  We 

determined that over a corpus of 450 doctor-patient interactions 



paired with questionnaire data, 4 out of 5 constructs were 

significantly correlated with Authoritativeness, with R values 

ranging from .25 to .35 using Authoritativeness scores that were 

computed from hand coded Negotiation codes.  A construct 

related to patient health efficacy from the same questionnaire data 

did not correlate with patient Authoritativeness, which is expected 

in this context since the role of patient comes with different 

expectations with respect to expertise than a collaborative 

problem solving session. 

In addition to providing the basis for the Authoritativeness scale, 

the Negotiation codes more generally have been valuable for 

structuring multi-threaded conversational interactions in 

preparation for subsequent analysis, for example, analysis of task 

relevant differences in information sharing practices between 

military and civilian pairs performing the same task in a lab study 

(Mayfield et al., 2012b) as well as conversational strategies 

associated with stress reduction in online cancer support chats 

(Mayfield et al., 2012a; Mayfield et al., 2012c).  There we have 

also found that positioning with respect to knowledge transfer is 

predictive of stress reduction in these chats, however it does not 

appear to be directly related to self-efficacy.  In particular, a 

closely related notion is Empowerment, which we have found is 

related to aspects of our Negotiation coding, but not the 

summative Authoritativeness ratio. 

As we have seen the connection between Authoritativeness and 

external variables in different domains play out differently, we 

realize our original conception of the Negotiation codes as 

representing a Motivational dimension related to self-efficacy was 

too simplistic.  Across all of the contexts, we see an explanation 

for its significance in terms of positioning for active contribution.  

But the implications of that contribution in terms of what it 

presupposes from the speakers and how it affects them and others 

appears to be quite context dependent.  In our more recent work 

we have characterized it more directly in terms of knowledge 

transfer (Mayfield et al., 2013).  However, we cannot deny that 

within a learning context, the ability, opportunity, and success at 

contributing knowledge actively within an interaction has 

tremendous significance in terms of self-efficacy, and other 

constructs related to self-esteem and engagement.  Here we begin 

to see the lines between cognitive and motivational dimensions 

begin to blur.  We will see further evidence of blurring between 

dimensions as we explore results related to automation. 

5. AUTOMATED ANALYSIS 
The key idea behind our recent computational work enabling 

social interpretation of language has been using insights from 

theories in sociolinguistics and discourse analysis to motivate the 

design of novel representations of language in order to make these 

problems learnable.  One such example is computational work on 

analysis of Authoritativeness (Mayfield & Rosé, 2011).  In this 

work, we draw insights from the theoretical foundation for the 

coding scheme that imposes sequencing constraints on patterns of 

codes within an interaction.  While the codes are assigned to 

individual contributions in a conversation, we are able to encode 

the sequencing constraints within an Integer Linear Programming 

framework.  The best performing model included these constraints 

imported directly from the theory foundation for the coding 

scheme, and significantly outperformed an otherwise equivalent 

model without the constraints.  The model achieved high 

correlation with Authoritativeness ratings from human assigned 

codes in a corpus of direction giving dialogues (R = .97) as well 

as a corpus of doctor-patient interactions (R = .96).  Work on 

automation of this coding scheme has been one of our strongest 

demonstrations of the application of insights from linguistics for 

computational modeling at the discourse level. 

What is perhaps even more striking than what we learn from 

linguistics to apply to computation is what we learn from 

inspecting the models we build from our data that contributes 

back to our understanding of the constructs themselves.  Here we 

use as our example an effort to model speech style 

accommodation using unsupervised Dynamic Bayesian Networks 

(Jain et al., 2012) as one step towards automating analysis of 

Transactivity in speech (Gweon et al., 2012; Gweon et al., 2013).  

Here we see first a demonstration that applying insights from 

linguistics to structuring a probabilistic graphical model enables it 

to find meaningful structure in linguistic data that is consistent 

with the insights from that theory (Jain et al., 2012).  But we also 

see how theory from cognitive science motivates a hypothesized 

connection between sociolinguistic processes and sociocognitive 

processes related to intersubjectivity (de Lisi & Golbeck, 1999).  

As an integrated model, we see a connection from raw speech to 

learning-relevant sociocognitive processes mediated by a multi-

layer computational model that bridges these worlds. 

Let us consider the story from the ground up.  When stylistic 

shifts are focused on specific linguistic features, then measuring 

the extent of the stylistic accommodation is simple since a 

speaker’s style may be represented on a one or two dimensional 

space, and movement can then be measured precisely within this 

space using simple linear functions. However, the rich 

sociolinguistic literature on speech style accommodation 

highlights a much greater variety of speech style characteristics 

that may be associated with social status within an interaction and 

may thus be beneficial to monitor for stylistic shifts. 

Unfortunately, within any given context, the linguistic features 

that have these status associations are only a small subset of the 

linguistic features that are being used in some way. Furthermore, 

which features carry this status related indexicality are specific to 

a context. Thus, separating the socially meaningful variation from 

variation in linguistic features occurring for other reasons is 

difficult to do using a discriminative approach. In this case, the 

theory is agnostic to the features that should be used but instead 

informs the structure of the model itself that is then able to 

identify the important structure in the speech data without further 

supervision.    

The hypothesis that drives this technical work is that stylistic 

shifts that occur as a result of social processes are likely to display 

some consistency over time, and if we leverage this insight in the 

structure of the model, we will achieve the capability of 

measuring this important social process using an unsupervised 

approach.  We do this by including the concept of an 

accommodation state in the model, that embodies the idea that the 

effect of one speaker’s style on another speaker’s style is 

regulated by the extent to which accommodation is happening 

throughout the interaction.  In this work, including the novel 

accommodation states within the model had a significant positive 

effect on the ability of the model to detect accommodation. 

The work on speech style accommodation contributes to a series 

of papers on computationally modeling Transactivity in chat 

(Joshi & Rosé, 2007), newsgroup style interactions (Rosé et al., 

2008), transcribed whole classroom discussions (Ai et al., 2010), 

and face to face conversations using raw speech (Gweon et al., 

2012).  The concept of Transactivity originally grows out of a 

Piagetian theory of learning where this conversational behavior is 



said to reflect a balance of perceived power within an interaction.  

Earlier research in the area of speech style accommodation 

suggests that it should be possible to find evidence of power 

differentials as well as adjustments in these differentials  through 

shifts in language usage patterns. It can be expected, then, that 

linguistic accommodation would predict the occurrence of 

Transactivity, and therefore a representation for language that 

represents evidence of such language usage shifts should be useful 

for predicting occurrence of Transactivity.  This hypothesis has 

been confirmed through a demonstration that speech style 

accommodation as measured by Jain et al. unsupervised model 

has a significant positive correlation with prevalence of 

Transactive contributions in debates between undergraduate 

students discussing reasons for the fall of the Ottoman empire (R 

= .4) (Gweon et al., 2012).  Consistent with this work, what we 

have also found is that in a variety of efforts to automatically 

identify Transactive conversational contributions in various forms 

of conversational data, those in which we have included a feature 

that represents language similarity have been the most successful 

(Rosé et al., 2008; Ai et al., 2010).   

Lexical accommodation is an important language process to 

consider in computational modeling of perspective-based lexical 

selection in text (Nguyen, Mayfield, & Rosé, 2010).  In this work 

analyzing contributions to a politics discussion forum where 

participants self-identify as left affiliated or right affiliated, we 

construct a measure of political polarization of word usage.  In an 

analysis of language usage patterns in replies and how they shift 

depending upon the affiliation of the poster of the initiating post, 

we are able to identify strategies within accommodation behavior 

that show intentional avoidance of appearing to concede to the 

alternate viewpoint while maintaining coherence within the 

interaction. 

What we learn from this is that although we typically think of 

Transactivity from a Cognitive perspective, at a deep level, it has 

social implications.  This provides a contrasting view to what we 

discussed above, that while initially we conceived of 

Authoritativeness as motivational, or at least social, in the end we 

could not deny the centrality of its information communication 

function.  Finally, to round out this picture, we are reminded that 

the relational dimension of SouFLé has as its strongest result its 

correlation with contribution of reasoning and ideas in 

interactions.  We must conclude that while our initial goal was to 

separate the Cognitive, Motivational, and Relational dimensions 

of collaboration, our work on computational modeling shows us 

how strongly intertwined these dimensions actually are. 

6. CONCLUSIONS AND CURRENT WORK 
In this paper we have outlined the history of the development of 

SouFLé as a vehicle for facilitating exchange across research 

subcommunities and as a way of operationalizing separate 

dimensions of collaborative learning, including Cognitive, 

Relational, and Motivational dimensions.  While we are able to 

report progress on all fronts, we see how we have just begun to 

scratch the surface.  In particular, while we find the place of 

coding and counting approaches as providing a means of 

visualizing process, it may be less effective that network analytic 

approaches to displaying the long term effects of collaborative 

behaviors and less capable than a qualitative approach in enabling 

an analyst to identify key moments that are striking in unexpected 

ways.  It’s sweet spot is in mid-level zoom.  While this is not 

surprising in and of itself, this paper outlines specific findings of 

aspects of collaborative learning that occur at this mid-level of 

zoom and point to some success at revealing subtle linguistic 

distinctions that may be important for understanding social 

positioning.  We owe this sensitivity to its linguistic 

underpinnings, which leverage generations of work in the SFL 

community. 

Importantly, we come back to the idea of a verbalization theory 

(Van Someren et al., 1994).  The role of such a theory is to serve 

as a caveat of what we need to be careful of when using a lens to 

answer a scientific question.  One of the most important lessons 

we have learned is how intertwined the Cognitive, Relational, and 

Motivational dimensions are in collaborative learning.  That 

highlights the importance of not reducing down to a single 

dimension, or characterizing problems and solutions on only one 

dimension.  However, we see in this work evidence that including 

multiple dimensions dos not solve the problem either if the 

dimensions themselves are entangled with one another.  The 

challenge that remains is in moving beyond the caveats towards 

solving these problems and elucidating new knowledge. 

Perhaps the greatest success at isolating a single dimension has 

come from our work on speech style accommodation.  Here the 

success was in isolating the social dimension of an interaction 

specifically in very low level linguistic choices at the phoneme 

level.  At this level, the manner of speaking is least influenced by 

the content of what is spoken.  While the social dimension of 

interaction appears to greatly influence what we are able to view 

on the cognitive dimension (i.e., social considerations may inhibit 

display of cognitive abilities and processes), the converse may not 

be true.  Moreover, if the social dimension does indeed turn out to 

be more basic in this respect, then if we can progress in our 

attempt to translate linguistic theory about the social implications 

of language choices into computational models, we may be able to 

at least identify the places where we can and can’t see a faithful 

representation of what is happening at a cognitive level.  This 

would be because we would be able to identify those places where 

social considerations might be obscuring our view.  We may never 

be able to view all that we want to see in terms of the cognitive 

processes at work in collaborative settings.  However, as we 

further elaborate our verbalization theory, we may learn how to 

better set up the conditions of collaboration in such a way that we 

are in the best possible position to isolate those aspects of 

cognition we want to be able to study, and then to interpret what 

we see properly. 
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